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[ Abstract ]
only look once (YOLO) model based on orthogonal optimization strategy ( O0S) was proposed. Firstly, based on the principle of

In order to realize the automatic optimization of hyperparameters of YOLO model, the hyperparameter optimization of you

statistical orthogonal test, the orthogonal search method of population and the hyperparameter contribution analysis strategy were
proposed to improve the optimization efficiency of the algorithm. Then, the uniform orthogonal search strategy and the neighborhood
orthogonal search strategy were designed to alleviate the problem of the YOLO model falling into the local optimum and premature
convergence. Finally, YOLOv5, YOLOvS5s-Transformer and YOLOv7 were used as optimization objects to test on two target detection
datasets, NWPU VHR-10 and Pascal VOC. Test results show that the recognition accuracy of the YOLO model is improved by the O0S
hyperparameter optimization method in all cases. The average recognition accuracy mAP@ 0. 5 on two datasets is improved to 93. 94% ,
93.18% , 93.45% , and 85.81% , 84.59% , 89.96%. The mAP@ 0.5-0.95 is improved to 60.00% , 60.08% , 56.98% , and
62.27% , 58.89% , 70.77% . It can provide a new intelligent method for hyperparameter optimization of object detection model.
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(2) SEBLARSY . i coCo $ud 4 b Ay il 45
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(3) TP 4845, #Param R S 405 FLOPS
FREENE S IE AR, mAP@ 0.5 2 10U [H{EH 0.5
(- 2045 B mAP@ 0.5-0.95 1 10U {4 K 0.5 ~
0.95 M FEIRE I
2.2 XWHERSHH
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FIEAE 00S AU # 1, R H COCO [ IF 4 5
b, ZEAR TR B S2 B B R WA TSR iR S 5k
710 WE R L5, 3 A FEMERLAL 7351 YOLOvSs
(16. 1)) YOLOv5s-Transformer ®’ | YOLOV7 , 4 fE 45
FREEIHEE R 1 iR,

FHe 1 A, A HE R AR B RS £ 00S 1
% 76 YOLOvSs #i 81 F{ff mAP@ 0.5 1 mAP@ 0. 5-
0.95 F& 4% 4> Wl M 93.16% #1 58.65% 4% T %
93.94% ( + 0.78% ) 1 60.00% ( + 1.35% ) ; 1E
YOLOv5s-Transformer f#Y |- {#i mAP@ 0.5 il mAP
@ 0.5-0.95 #5 45 M 92.74% F1 58.20% %2 T} 3|
93.18% ( + 0.44% ) 1 60.08% ( + 1.88% ) ; 7E
YOLOv7 #55 | ffi mAP@ 0.5 il mAP@ 0.5-0. 95

SRR N 93.29% Fil 56. 48% 2 TF51) 93.45% ( +
0.16% ) F156.98% ( +0.5% ) .

WA 1 ~ & 3 "] 40, 7F mAP@ 0.5 #8545 I,
YOLOv7-00S A58 1A% B2 it v o BOr & e P I8 1
YOLO-GA J7{% ., 7F mAP@ 0. 5-0. 95 Fl Fitness 15 F5
I, YOLOv5s . YOLOvSs-Transformer #8414
MBI F YOLO-GA J5ik 78 YOLOvT A7 - rp

F1 HHEEE NWPU VHR-10 EHHEREIERRSGITER
Table 1 Statistical results of performance mertrics of
each model on NWPU VHR-10

wm #Param FLOPs mAP@ mAP@O.5-
/M /G 0.5/% 0.95/%
YOLOvSs 7.2 16.5 93.16 58. 65
YOLOvSs + YOLO-GA 7.2 16.5 93.22 58.22
YOLOv5s + 00S 7.2 16.5 93.94 60. 00
YOLOv5s-Transformer 7.2 15.9 92.74 58.20
YOLOvSs-Transformer +
YOLO-GA 7.2 15.9 93.50 59.17
YOLOvSs-Transformer + 00S 7.2 15.9 93.18 60. 08
YOLOv7 36.9 104.7 93.29 56. 48
YOLOv7 + YOLO-GA 36.9 104.7 93.20 57.04
YOLOv7 + 00S 36.9 104.7 93.45 56. 98
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Fig. 2 Box plots of mAP@ 0. 5-0. 95 for different methods on
the NWPU VHR-10 dataset
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%2 NWPU VHR-10 FHy ¢ ISR

Table 2 ¢-test results on the NWPU VHR-10 dataset
. payakn bizho) T
e - ol
% B/ % e
1=5.089,
YOLOv5s 1.297 00  2.09 =
p=6.6x10"*
t=8.812,
YOLOv5s + YOLO-GA  1.67500  2.71 =
p=1x1073
1=12.776,
YOLOvSs-Transformer 1.739 00 2.82 Er
p=4.5x10""
YOLOvSs-Transformer + t=7.663,
0.78800  1.26 =
YOLO-GA p=3.1x10"°
1=4.246,
YOLOv7 0.466 00  0.77 =
p=2.2x1073
t=-0.476,
YOLOV7 + YOLO-GA  -0.00029 —0.05 w
p=0.645

TE:0p ZP BN o A5 AR IR e Tk AR i 7 O HH AR

Hi2¢ 2 Al 41, 7€ YOLOvSs |, 00S A% T J5 4
AR T; 2. 09% , H HA B &% ; #HX) T YOLO-GA
A 2.71% , HEA B E M, £ YOLOvSs-Trans-
former [+, 00S FHXT T A BI AR T 2. 82% , H B A
25 HINF YOLO-GA k47t 1.26% , HEA
BEME . E YOLOVZ b, 008 A% T J5 f4 45 81 42 7
0.77% , H BA BE M [F YOLO-GA J7 kA G
EER,

25 I, 008 X hy 1) & F B oA s 4R, R
R R e T
2.2.2 PASCAL VOC %35 4& o4 %F vk 52 36

A 00S WA S0, FEA TR B SC e BT,
XFETT IR T 5R 0 E S R T 10 IREEE 525, 3 4
FLUYERE AL 5 & YOLOvSs (16. 1) . YOLOvVSs-Trans-
former \YOLOV7 , SCISHHE N 3 FiR

e 3 AT A HEF R AR B (T 00S 171k,
1E YOLOvSs B0 |3 mAP@0. 5 Fil mAP@O0. 5-0.95 48
Frar I 83.97% F11 60. 38% HE T+ 85. 81% ( +1.84% )
F162.27% ( +1.89% ) ; 7£ YOLOvS5s-Transformer

%3 PASCAL VOC FHRK R
Table 3 Experimental results on the PASCAL VOC dataset

. #Param/ FLOPs/ mAP@ mAP@O.5-
B

M G 0.5/% 0.95/%
YOLOvSs 7.2 16.5 83.97 60. 38
YOLOv5s + YOLO-GA 7.2 16.5 85.44 62.38
YOLOvSs + 00S 7.2 16.5 85.81 62.27
YOLOvS5s-Transformer 7.2 15.9 83.04 58. 64

YOLOvSs-Transformer +

YOLO-GA 7.2 15.9 84.51 60. 08
YOLOvSs-Transformer + 00S 7.2 15.9 84.59 58.89
YOLOv7 36.9 104.7 87.83 68. 15
YOLOv7 + YOLO-GA 36.9 104.7 89.96 70. 96
YOLOv7 + 00S 36.9 104.7 90. 62 71.91
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